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In this paper, a text-independent speaker recognition system in 
Persian was implemented by deep neural networks. The x-vector 
technique based on Time Delay Neural Network (TDNN) was used 
to extract the embeddings from speech signals. This method has 
attracted the attention of researchers due to noise robustness and 
high performance. Data augmentation and noise addition were 
used to improve system performance. The PLDA classifier was 
used to recognize the speaker. Previous research in the field of 
“speaker recognition in Persian” is limited. In the present study, 
the network was trained on the Persian part of the CommonVoice 
dataset. According to the error analysis, non-speech parts of an 
utterance decrease the accuracy of speaker recognition. Thus, the 
non-speech parts were removed by a Convolutional Recurrent 
Deep Neural Network (CRDNN). The accuracy of speaker 
recognition and verification in CommonVoice was 95.24% and 
95.56%, respectively. The Equal Error Rate (EER) evaluation 
metric of the speaker verification system was 4.72%. The 
attendance monitoring system was developed as one of the 
applications of the speaker recognition system. System accuracy 
for 12 and 15 seconds of collected data (including data from 16 
women and 12 men) was 98.92% and 100%, respectively. 
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Introduction 

Biometric authentication is a security process based on the unique biological 

characteristics of a person such as their face, voice, iris, and fingerprints. Speaker 

recognition consists of two tasks: speaker identification and speaker verification. 
The purpose of speaker identification is to identify an unknown speaker among the 

known speakers. This operation is a one-to-many matching problem, meaning that 

the utterance from the speaker is compared to all available patterns to identify the 

speaker. Speaker verification is the process of accepting or rejecting an identity. 

That is, the speaker’s voice is compared with the claimed speaker pattern, and if 

the patterns are similar, the claim is accepted; otherwise, it is rejected [1]. This task 

is mostly used in security and access control applications. This system has less 

computational complexity due to fewer comparisons. 

Speaker recognition systems are text-dependent or text-independent. In text-

dependent mode, the speaker expresses only limited fixed words or sentences 

that have been used in the training phase. However, in the text-independent 

mode, the utterances in the test and training signals are different. Text-

dependent speaker recognition with short speeches in the test and training 

phases has good performance. In text-independent recognition, longer speeches 

are needed for training and testing. In addition, noisy environments have a 

greater negative impact on the performance of text-independent systems [1]. 

Before deep learning methods in the field of speaker recognition, the i-vector was 
widely used as a state-of-the-art method [2]. Today, deep neural network (DNN) 
methods have been successful in extracting distinguishing features. X-vector is an 
advanced extraction method based on DNN. This method has better performance 
than the i-vector, particularly in short speeches [3]. This method is known as a 
high-performance robust method in noisy environments [4]. 

A great deal of research has been done on speaker recognition, most of which 

is in English. Since deep learning methods have gained attention in this area and 

one of the main challenges in training deep networks is finding an appropriate 

and large dataset, large open-source datasets such as VoxCeleb [5], LibriSpeech 

[6], and NIST-SRE 2016 [7] for speaker recognition have been made available in 

English. The focus of this work is on recognizing the speaker in the Persian 

language in a practical way in a real environment. The only large-scale open-

source database in Persian is CommonVoice. In this paper, a text-independent 

speaker recognition application is implemented for the Persian part of the 

CommonVoice dataset. 

Speaker recognition can be used in security work, health monitoring [8], and 

attendance. The purpose of the research was to develop an attendance 

monitoring application in Persian by combining the best methods of feature 
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extraction and classification and applying the pre-processing at a suitable speed. 

Combining the components of removing silence, extracting features and 

classification, and fine-tuning the network by Persian voices was carried out to 

adapt it for the intended use. The x-vector embeddings were extracted by the 

time delay neural network (TDNN). The TDNN model was finetuned with 

VoxCeleb1+2 initial weights to transfer learning on the CommonVoice dataset. In 

the last layer of the network, embeddings were classified by PLDA. Error analysis 

led to a better understanding of the weaknesses of the model in prediction. The 

main weaknesses of the proposed model were noise and non-speech parts of the 

utterance. Therefore, noise and silence removal methods were evaluated to 

improve accuracy. The CRDNN-based silence removal method was successful. 

The remainder of the present paper is organized as follows. Section 2 reviews the 
existing literature in the field of speaker recognition. Section 3 describes the 
proposed method, which includes preprocessing, x-vector feature extraction, and 
PLDA classification. The experimental details consisting of dataset details, 
implementation, and various experiments based on error analysis are explained 
in Section 4. The results are presented in the final section.  

Related works 
This section provides a history of speaker recognition methods. The following 

is an overview of the most important research in this field. In the past, traditional 

methods were used to recognize the speaker. In 1995, Reynolds et al. used 

Gaussian Mixture Models (GMM) to develop a text-independent and robust 

speaker recognition system. They used telephone data from 49 speakers and 

achieved 80.8% accuracy [9]. Then, Reynolds et al. showed that the GMM-UBM 

model was effective in speaker recognition tasks in 2000[10]. In 2007, Kenny et 

al. presented the Joint Factor Analysis (JFA) method based on GMM to solve the 

intersession variability and channel mismatches problem [11]. In 2011, Dahak et 

al. proposed a JFA-based i-vector system. I-vector uses the Total Variability 

Matrix (T) to create a representation of speaker and channel information [2]. 

With the success of deep learning methods in the fields of machine vision and 

speaker recognition, scientists’ attention was drawn to these methods, 

particularly for feature extraction. Recently, embedding methods based on deep 

learning have become prevalent. Snyder et al. proposed a TDNN-based 

embedding extraction method. This method maps variable-length utterances to 

fixed-dimension vectors called x-vectors. According to the results, x-vector 

embedding functions better than i-vector for large-scale training data. The data 

augmentation technique enhances the x-vector by adding noise and 

reverberation [12]. Kanagasundaram et al. used deeper x-vector layers with 

lower dimensions to verify the speaker for a short utterance. For the 5–5 second 



Fateme Shahbakhti and et al.   An X-vector-based Speaker Recognition in Persian  

104 

data, the EER was 13.35%. This finding is a 14% improvement over the base 

system [13]. Jahangir et al. proposed a new combination of MFCC and time-based 

features. The combination of MFCC and time-domain features with DNN was 

effective in improving accuracy in text-independent speaker systems. 

Librispeech is a collection of English audiobooks. The EER in the Librispeech 

dataset for men and women is 0.8% and 0.6%, respectively [14]. Tripathi et al. 

combined SincNet and X-vector to provide a method to recognize the speaker. 

The SincNet network extracts frequency-related properties using convolutional 

layers. In this method, SincNet filters are used in the first layers, and the x-vector 

is used in the next layers. This approach has led to better network training and 

increased convergence speed. As a result, the EER for the VoxCeleb1 dataset is 

3.56% [15].  

Some methods have been proposed for a robust speaker recognition system. 

Rouvier et al. extended the TDNN by adding a layer. They used the data 

augmentation technique for robustness by adding music and noise. The EER for 

speaker verification in the VoxCeleb1E dataset was 1.82% [16]. Wu et al. used a 

variable auto-encoder (VAE) to learn noisy embedding. The input of the VAE 

network is an i-vector and an x-vector. They used the manual data augmentation 

method and GAN-based data augmentation methods in the NIST SRE16 dataset. 

EER was 4.20% for speaker verification with x-vector input and a PLDA classifier 

[17]. Mohammadamini et al. used a denoising auto-encoder (DAE) for a robust 

speaker recognition system. In this method, DAE is used after extracting the x-

vector. The EER of the trained model in Voxceleb1+2 for utterances of 2-4 

seconds is 6.439% [4]. Taherian et al. used GFCC features to extract the x-vector 

for speaker verification. They enhance utterance using the gated convolutional 

recurrent network (GCRN). The EER in NIST SRE 2008 is 8.18% [18]. Kataria et 

al. used a feature-domain-based denoising method to improve the speaker 

verification system. They used two x-vector networks called ETDNN and FTDNN 

to increase domain features. They also used Deep Feature Loss to improve the 

network. EER was 12.40% in the BabyTrain noisy dataset [19]. 

Limited research has been conducted in the field of speaker recognition in 

Persian. DeepMine is a large dataset including Persian and English languages. 

This dataset is used in speaker and speech recognition. The i-vector/HMM + 

RLDA method is applied to the text-dependent part of the dataset. The EER for 

speaker verification of female and male speakers is 2.20% and 1.33%, 

respectively [20]. In 2020, the DeepMine dataset was used in the speaker 

verification challenge with short utterances using the x-vector embedding 

method with the PLDA classifier. The EER was 6.50% in the Persian part of the 

dataset [21]. 
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Methodology  
The speaker recognition system identifies the speaker using the features of 

their utterance. In this research, a speaker recognition system was developed for 

text-independent speaker identification and verification in the Persian language. 

This system can detect the speaker in real-time. The proposed speaker 

recognition system consists of pre-processing, feature extraction, and classifier 

phases. The structure of this system is shown in Figure 1. The details of each 

section will be explained below. 

 

 
Figure 1. The proposed speaker recognition structure. 

Pre-processing 
The set of operations applied to raw data before entering the model is called 

pre-processing. Pre-processing has a considerable effect on model performance. 

Some methods such as fixed-length and silence removal are used in the pre-

processing phase. 

Fixed-length: The length of the utterance samples in a dataset varies. Data 

balance is important for fair training among speakers and better performance. 

Therefore, the length of all training utterances is a fixed value of 3 seconds. 

Silence removal: Every utterance consists of speech and non-speech parts. 

Non-speech parts are called silence. These parts do not contain useful 

information from the speaker and can cause the speaker recognition system to 

malfunction. The voice activity detection (VAD) technique by a neural network is 

used to identify the parts containing speech in the audio signal. This technique 

works as a binary classifier. The input is an audio signal. The output is a sequence 

of 0 and 1. Time frames containing speech are labelled 1, and the ones containing 

non-speech are labelled 0. 

More precisely, the filter bank features are calculated first, and then they are 

given as input to the CRDNN. This network is a combination of convolutional and 

recurrent networks. The convolution network extracts high-level local features 

regardless of location. In the recurrent network, the output of the previous steps 

is used in the current one, and long-term dependencies are learned. Finally, 

binary classification is performed by a sigmoid layer. The binary cross-entropy 

loss function is used to train the network. A brief overview of the VAD system is 

shown in Figure 2. 
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Figure 2. Voice activity detection (VAD) structure. 

Data augmentation: Collecting large amounts of labeled data for network 

training is a costly challenge. One of the solutions used is data augmentation, 

which improves network performance. In this research, time-masking and 

frequency-masking, voice speed changes, and adding reverberation and noise to 

utterances are used. 

X-vector 
Embedding is extracted by converting high-dimensional utterances into vectors 

with lower dimensions. This vector maps the features of the speaker to a space with 

lower dimensions. Among the deep learning methods, the x-vector method has 

successful performance and high robustness in noisy environments [4]. Thus, in 

the present study, the x-vector method was used to extract embeddings. The x-

vector structure is based on the TDNN model [12] as presented in Table 1. The 24-

dimensional filter bank feature with a frame length of 25 ms was calculated for each 

utterance with a length of 3 seconds. Then, they were provided as input to TDNN. 

The embedding was extracted at layer segment 6.  

Table 1. X-vector structure. 

Layer Layer context Input*output 

Frame 1 
Frame 2 
Frame 3 
Frame 4 
Frame 5 

State pooling 
Segment 6 
Segment 7 

Softmax 

[t-2, t+2] 
{t-2, t, t+2} 
{t-3, t, t+3} 

{t} 
{t} 

[0, T) 
{0} 
{0} 
{0} 

120 * 512 
1536 * 512 
1536 * 512 
512 * 512 

512 * 1500 
1500T* 3000 

3000 * 512 
512 * 512 

512 * N 

Classification 
Speaker recognition was performed by classifying embedding. In this 

research, embeddings with a length of 512 were classified using the probabilistic 

LDA (PLDA) model. PLDA is a technique that can be considered an improvement 

over LDA. PLDA is a powerful mechanism for speaker recognition [22]. The PLDA 

maps data to a subspace with lower dimensions, which increases within-class 

covariance and decreases between-class covariance. 
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Test method  
In this section, greater details on the implementation of the model are 

presented. In addition, various experiments and results experienced based on 

error analysis are reported. 

Dataset 
CommonVoice [23] is a large microphone dataset. Mozilla has voluntarily 

collected this dataset in several different languages all over the world. 

Participants record their voices by reading the sentences displayed on the site. 

Utterances recorded by other participants are evaluated using a simple voting 

system. If the recorded utterance first receives two positive votes, the utterance 

is designated as valid data. If it first receives two negative votes, then it is declared 

invalid. CommonVoice is the only free dataset in Persian. In this research, a 

collection of valid Persian utterances without a negative vote was selected. In the 

process of error analysis, the data with the wrong label was removed. Finally, all 

speakers with at least 15 utterances were used. The number of these speakers 

was 1037. To check the generalization and validation of the model and training 

dataset, a dataset was collected from the voices of Ayeh company employees. This 

dataset was evaluated for the attendance monitoring system. 

Using this dataset to recognize the speaker comes with some challenges such 

as age and gender imbalance. At the time this research was conducted in July 
2021, the Persian data in this dataset included 3655 sentences in 321 hours, of 

which 282 hours had been confirmed. 39% of Persian-speaking participants 

were in the age range of 30-39 years, and 33% were in the age range of 19-29 

years, of which 75% were men and 7% were women. The second challenge was 

the different recording conditions for each speaker. These different conditions 

included a variety of voice recorders and environmental noise. The third 

challenge was related to the very short length of some utterances. 

Implementation 
The CommonVoice Persian language dataset was used to train and evaluate 

the speaker recognition model. Speakers with at least 15 utterance samples were 

selected, and the selected collection included 1037 speakers. Fifteen selected 

utterance samples in a ratio of 60, 20, and 20 were used to train, test, and evaluate 

the x-vector model. The x-vector model with Voxceleb1+2 initial weights was 

retrained with the CommonVoice dataset using the SpeechBrain toolkit [24]. For 

the training batch size of 128, the number of epochs was 30, and the learning rate 

decayed from 0.001 to 0.0001. The NLL-loss function was used for training. As 

the classification indicated, the PLDA technique with 512 components was used. 
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To improve performance, data augmentation methods such as time-masking and 
frequency-masking in the input spectrum and waveform were applied. Noise and 
reverberation methods were used for robustness and were obtained from the 
OpenRIR dataset. 

Evaluation metrics 
Usually, the results of speaker identification tests are compared based on 

accuracy. These metrics are calculated according to Equation (1).  

(1) 

 

Equal Rate Error (EER) is another metric that is used to evaluate speaker 

verification. The amount of equalization between TP and FP is equal to the EER 
metric. 

Experiments 
A fundamental step in improving a system's performance is error analysis. 

Using the confusion matrix, system errors in each class were identified, and then 

the common features among the classes with the most errors were examined. 

Finally, appropriate methods to improve the system were applied to these classes. 

The base system consisted of an x-vector extractor and a PLDA classifier. The 

accuracy of this system was 88.98%. Error analysis was used to improve system 

performance. According to the error analysis, noise and silence in speech cause 

some bad performances. The impact of removing each case is explained below. 

Noise reduction 
Noise is an unwanted, annoying, and loud sound. In the current research, the 

noise of audio signals based on spectral gating was reduced. A spectrogram is an 

image of the spectral density of signal frequencies at different times. By calculating 

the spectrogram of a signal and calculating the statistics, the noise threshold was 

estimated. The mask was calculated by comparing the signal and the noise 

threshold. Using the filter, the mask was smoothed on frequency and time and 

applied to the spectrogram. This is a static noise reduction technique. In the non-

static method, the estimated noise threshold is constantly updated over time. The 

results of system evaluation by applying static and non-static noise removal 

methods to a part of the CommonVoice dataset consisting of 40 speakers are shown 

in Table 2. 

 

Accuracy = 
TN + TP 

TN + TP + FN + FP   
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Table 2. Speaker identification results with noise reduction methods 40 speakers in 
CommonVoice. 

Noise Reduction Method Accuracy (%) 

 - 98.38 

Stationary 97.00 

Non-Stationary 97.00 

 
According to the error analysis performed, the CommonVoice dataset 

contained impulse noise. These noises caused a decrease in system performance. 

The median filter and Butterworth filter methods were used to remove impulse 

noise. 

The median filter is a noise reduction technique in images and signals. In this 

technique, the entire input is scrolled with the help of a window, and the middle 

of each window is given as an output. The median filter has a great effect on 

removing impulse noise [25]. 

The Butterworth filter is a signal-processing filter. The input signal is limited 

to the desired frequency range. A Butterworth filter is commonly used in audio 

circuits. This filter was invented in 1930 by an engineer named Butterworth [26]. 

Impulse noise was added to the system's data so that the effect of reducing 
impulse noise could be observed. Before applying impulse noise reduction 
methods, all data containing impulse noise was incorrectly classified. After 
applying the impulse noise reduction methods, it was also classified incorrectly. 
Therefore, impulse noise reduction methods did not affect improving system 
performance. The effect of the above noise reduction methods on the audio signal 
is shown in Figure 3. 
 
 

 
Figure 3.  The effect of noise reduction methods on the audio signal a) audio signal with noise; b) 
audio signal with noise after applying a spectral gate-based method; c) audio signal with noise after 
applying a middle filter; d) audio signal with noise after applying. 
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Voice activity detection  
Voice activity detection is one method of improving the performance of 

speaker recognition systems. According to the error analysis, long non-speech 

parts were detected in the false predictions. By utilizing the voice activity 

detection method and removing non-speech parts, the accuracy improved by 

5.11%. The evaluation results of this experiment with and without applying the 

VAD preprocess are presented in Table 3. 

Table 3. Speaker identification result with VAD on CommonVoice. 

Preprocess method Accuracy (%) 

 - 88.98 

VAD 94.09 

Fine-tune 
Using trained neural network weights as the initial weights of a new model in 

the same task domain is a solution to increase the speed of training and solve the 

problem of a small training dataset. The basic system uses VoxCeleb1+2 weights. 

In the present study, the TDNN network with the initial weights of VoxCelebe1+2 

was fine-tuned on the CommonVoice Persian language dataset. The accuracy of 

speaker identification with the new network weights is provided in Table 4. 

The attendance monitoring system 
The attendance monitoring system is one of the applications of the speaker 

recognition system. A text-independent system was developed for checking the 

attendance monitoring product of Ayeh individuals. To collect audio data, 

sentences with different topics were first crawled from websites. Sentences with 

lengths of less than 10 and more than 20 words were removed. Each speaker 

recorded 5 random sentences for training with their mobile phone. No repetitive 

sentences were used in this process. This collection included 16 women and 12 

men. System testing was performed with arbitrary sentences. The accuracy of the 

system with 12 seconds of training data was 98.92%. More data is required to 

achieve higher accuracy. For example, the proposed system's accuracy with 15 

seconds of training data was 100%. 

Results and discussion  
The accuracy of the identification system for 1037 speakers was 95.24%. The 

accuracy of the verification was 95.56%, and the EER evaluation metric was 

4.72%.  
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Conclusion 
The main challenges of the current study were the presence of noise, silence 

intervals and its lack of optimization for speaker recognition. Therefore, the 

designed pre-processing was considered a means of providing a suitable dataset 

for this research and future research. Furthermore, the lack of dependence of the 

proposed algorithm on the used data was the key point in the network design so 

that it can be used under real conditions in the opinion of the research team 

(using the dataset for speech recognition and speaker recognition in the designed 

application system). 

In the pre-processing step, the CRDNN-based silence removal method was 

used. In the feature extraction step, the x-vector model with voxceleb1+2 weights 

was fine-tuned on the CommonVoice dataset. Finally, classification was 

performed using the PLDA method. The system obtained achieved satisfactory 

results. Each speaker was identified in real-time. The accuracy of the 

identification system for 1037 speakers was 95.24%. The performance of 

speaker verification systems was independent of number. The accuracy of the 

verification was 95.56%, and the EER evaluation metric was 4.72%. The 

proposed system was created in the form of an operational product for 

attendance monitoring. System accuracy for 12 and 15 seconds of collected data 

(data from 16 women and 12 men) was 98.92% and 100%, respectively. 
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